Guaranteeing ECG signal quality in wavelet lossy compression methods is essential for clinical acceptability of reconstructed signals. In this paper, we present a simple and efficient method for guaranteeing reconstruction quality measured using the new distortion index wavelet weighted PRD (WWPRD), which reflects in a more accurate way the real clinical distortion of the compressed signal. The method is based on the wavelet transform and its subsequent coding using the set partitioning in hierarchical trees (SPIHT) algorithm. By thresholding the WWPRD in the wavelet transform domain, a very precise reconstruction error can be achieved thus enabling to obtain clinically useful reconstructed signals. Because of its computational efficiency, the method is suitable to work in a real-time operation, thus being very useful for real-time telecardiology systems. The method is extensively tested using two different ECG databases. Results led to an excellent conclusion: the method controls the quality in a very accurate way not only in mean value but also with a low-standard deviation. The effects of ECG baseline wandering as well as noise in compression are also discussed. Baseline wandering provokes negative effects when using WWPRD index to guarantee quality because this index is normalized by the signal energy. Therefore, it is better to remove it before compression. On the other hand, noise causes an increase in signal energy provoking an artificial increase of the coded signal bit rate. Clinical validation by cardiologists showed that a WWPRD value of 10% preserves the signal quality and thus they recommend this value to be used in the compression system.
INTRODUCTION
ECG signal recording and further interpretation constitute the first tool for cardiopathy diagnosis. Almost all new ECG acquisition devices offer the possibility to digitally store the acquired ECG signals. Taking into account that a standard acquisition device usually works with a sampling frequency of 512 samples per second with a resolution of 16 bits and records 8 leads, the output information rate obtained is about 65 Kbit/s. Although the storage capacity in information systems as well as network bandwidth increases quickly, an efficient storage and transmission method is still required because it leads to an efficient use of the available resources. Moreover, this is specially critical in telecardiology systems, where the available network capacity could be scarce and/or expensive, such as in mobile or satellite communications.
ECG compression is a well-studied topic by the biomedical research community. In the last 15, years a great variety of compression algorithms has been presented. These methods can be roughly divided into two categories: direct methods and transform-based methods [1] . Direct methods treat the ECG samples directly in the time domain. Representative direct methods are AZTEC [2] and CORTES [3] . In transformbased methods, ECG samples are transformed into another domain in order to concentrate a large quantity of signal energy into a small number of coefficients, which afterwards are efficiently coded. Although many transforms have been used (KLT [4] , DCT [5] , etc.), the wavelet transform (WT) has attracted much attention in the last years [6, 7] . One of its main advantages is its simplicity. Computing the WT is very fast due to the existence of efficient algorithms. Another advantage is its versatility. Wavelet transform can use a great variety of mother functions and some of them adjust very well to the ECG morphology, leading to an efficient representation of the ECG signal in the wavelet domain. A deeper explanation of the wavelet transform can be found elsewhere [8] .
In order to obtain relevant compression rates, wavelet compression has to be lossy. Because the power spectral density of the ECG signal has a smooth low-pass shape, the energy distribution at each scale of the WT is concentrated in a small number of coefficients. Moreover, the relevant WT coefficients appear very close in the order sequence within a wavelet scale and in the same position among scales. These properties can be exploited so as to obtain a high compression gain. In this way, the set partitioning in hierarchical trees (SPIHT) algorithm was proposed to be used for ECG signal compression [6] . SPIHT codes the wavelet coefficients exploiting the redundancies among wavelet scales. SPIHT algorithm has demonstrated its efficiency for ECG compression both in obtaining high compression gain with low distortion and computational simplicity, making it a good choice for real-time ECG transmission. Another interesting property is its scalability, not only for controlling the bit rate but also for controlling the distortion introduced in the coding process.
When working with lossy compression, much care must be taken with the distortion introduced in the coding process. The higher the compression rate, the better for transmission and storage purposes but the higher the signal distortion introduced. Two mathematical indices are commonly used to measure the distortion in the compressed ECG signal. The first one is the root mean square (RMS) error index, which is defined as follows:
where x[n] is the original signal, x[n] is the reconstructed signal, and N is the length of the signal block over which the RMS is calculated. The second one is the percentual RMS Difference (PRD) and it is defined as follows:
Nevertheless, neither PRD nor RMS indices is directly related to the clinical quality a cardiologist would appreciate when working with the compressed signals. For this reason, a more appropriate index should be used where the clinical quality was reflected while preserving the easy-to-compute property in order to have the possibility to be used in a real-time compression system. The wavelet-based weighted PRD measure (WWPRD) was introduced by Al-Fahoum [9] , where it was shown that the correlation between the clinical quality (obtained with a direct survey conducted with cardiologists) and the new proposed index, WWPRD, is much higher than the correlation with the mathematical indices, for example, PRD index.
Since a highly distorted signal can be useless from a clinical point of view, a precise control in the distortion introduced (the quality of the reconstructed signal) is essential for a compression algorithm. In [10] , a method for guaranteeing ECG quality using the SPIHT algorithm was also presented. However, due to its indirect way to estimate the distortion by using the Newton-Raphson technique to iteratively calculate the distortion, guaranteeing quality was complex. Besides, the index being guaranteed was PRD, which does not reflect a real clinical distortion.
In this paper we propose a simple method to guarantee the quality of reconstructed signal by thresholding the recently proposed index WWPRD, which reflects in a more accurate way the clinical distortion introduced by the coding process. The paper is organized as follows. A brief summary of SPIHT algorithm is presented in Section 2. In Section 3, the method for guaranteeing quality using the SPIHT is introduced. Extensive results using two different ECG databases as well as discussion of these results are provided in Sections 4 and 5, respectively. Finally, conclusions are presented in Section 6.
SPIHT ALGORITHM
SPIHT was firstly presented in [11] as an efficient method for coding wavelet coefficients in image compression. In [6] , the algorithm was introduced for ECG compression, obtaining very good results when being compared with other ECG compression methods.
The operation of the SPIHT method is here briefly explained. The principles of the SPIHT algorithm are partial ordering of the transform coefficients by magnitude with a set partitioning sorting algorithm, ordered bit plane transmission, and exploitation of self-similarity across different layers. By following these principles, the encoder always transmits the most significant bit to the decoder.
In a first step, coefficients are arranged in temporal orientation trees, which define the temporal relationship in the wavelet domain. The subset of subband coefficients c i in the subset θ is said to be significant for m bit depth if max i∈θ {|c i |} ≥ 2 m , otherwise it is said to be insignificant. If the subset is insignificant, a zero is sent to the decoder. If it is significant, a one is sent to the decoder and then the subset is further split according to the temporal orientation tree until all the significant sets are a single significant point. In this stage of coding, called the sorting pass, the indices of the coefficients are put onto three lists, the list of insignificant points (LIP), the list of insignificant sets (LIS), and the list of significant points (LSP). In this pass, only bits related to the LSP entries and binary outcomes of the magnitude tests are transmitted to the decoder. After each sorting pass, the significant coefficients for the threshold are gotten and then the mth most significant bits of every coefficient found significant in the previous pass are sent to the decoder. By transmitting the bit stream in this ordered bit plane way, the most valuable (significant) remaining bits are sent to the decoder. After the refinement pass, m is decreased by one, and the process continues until some condition is reached (in our implementation, this condition is the reconstructed signal distortion). Following the simple concept of an embedded scalar quantizer, the decoding process is straightforward once the encoded bits for wavelet coefficients are obtained.
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GUARANTEEING QUALITY USING SPIHT
We assume that the original ECG block is defined by a set of sample values s [i] where i is the sample order. The coding is actually done to the array
where W(·) represents the wavelet transform and c is a vector containing the transform coefficients. In order to reconstruct the signal, the decoder initially sets the reconstruction vector c to zero and updates its components according to the coded information. Hence, the decoder can obtain a reconstructed signal by using the inverse transform
The reconstruction distortion D is measured by the squared norm of the difference between the original vector and the reconstructed vector:
If we use the fact that the Euclidean norm is invariant to the wavelet transform (it is a unitary transformation), we can see that
Due to RMS and PRD, distortion indices are variants of the squared norm, it is easy to extrapolate these results to them:
where F N is the normalization factor with value N or 2 for RMS and PRD, respectively. Thus, it is clear that the guarantee of reconstruction quality using PRD or RMS indices can be easily done by controlling the value of the coded coefficients.
The WWPRD index is defined as follows:
where N L is the number of levels of the wavelet expansion which is taken equal to 5 as proposed in [9] , w j is the weight for the subband j and, WPRD j is the PRD measure for each subband, which is defined as follows:
where c[i] is an original coefficient within subband j and c[i] is a reconstructed coefficient within subband j. In [9] two kinds of weights were proposed. Heuristic weights, which were assigned taking into account the distribution of ECG waves between scales [9] . The values of these weights are w A5 = 6/27, w D5 = 9/27, w D4 = 7/27, w D3 = 3/27, w D2 = 1/27, w D1 = 1/27. The WWPRD index calculated in this manner is called WWPRD h . In the second version, datadependent weights are introduced to consider the actual contribution of the subbands. The index calculated using these weights is denoted as WWPRD w . The weights are calculated as follows:
Guaranteeing reconstruction quality both in PRD/RMS and WWPRD using the SPIHT algorithm can be achieved by stopping the coding process when the desired distortion is reached. To facilitate and speed up the task of calculating the squared norm between the original and the coded coefficients, a list of significant coded coefficients (LSCCs) is also introduced to the algorithm. Every time a bit is stored in the sorting or refinement pass, the list of coded coefficients is updated with the new value of the coefficient. In this way, the LSCC vector has two types of data: coded coefficients and coefficients that have a value equal to zero because the stopping condition has been reached before they are considered significant. In order to accelerate the process of calculating the error for RMS or PRD indices, (11) (which is derived directly from (7)) can be used
Distortion indices (RMS and PRD) can be easily updated every time a new bit is added in the refinement pass by subtracting the term in the sumatories corresponding to the value of the coefficient before a new bit was added to the term corresponding to the coefficient's new value.
Regarding WWPRD index, the process is quite similar to the previously explained process. WPRD j values are stored from one step to another. Every time a bit is added to a coded coefficient, the corresponding WPRD j value is updated. Because (9) is similar to (7), the same approach can be used, thus speeding up the process.
ECG DATABASES
In order to extensively test the method for guaranteeing quality, two different ECG databases have been used. The first one is the MIT-BIH Arrhythmia [12] . This ECG database consists of 48 two-lead ECG registers of 30-minute duration. The sampling rate is 360 samples per second with a resolution of 11 bits per sample. Although the database was originally created as standard test material for evaluation of arrhythmia detectors, this database is by far the most used database to test and compare ECG compression algorithms. The second ECG database is MIT-BIH compression [13] . It is composed of 248 two-lead ECG records of 20.48-second duration. The sampling rate is 250 samples per second with a resolution of 12 bits per sample. This database was created to pose a variety of challenges for ECG compressors, in particular for lossy compression methods. Despite of this fact, it is scarcely used to test the ECG compression algorithms, being relegated by MIT-BIH Arrhythmia.
RESULTS
In order to analyze the effects of baseline wandering when compressing ECG signals, results have been obtained for all the records in the databases both preserving and removing the baseline wandering. A simple method that can easily work in real-time operation has been used: a third-order lowpass Butterword filter with a cut frequency of 0.5 Hz used in the forward and backward directions to avoid phase distortion [14] . After the baseline is estimated, it is subtracted to the ECG signal. The selection of block length in the different databases follows the following criterion. Because real-time operation is required, it is not desirable that block length is excessively high. On the other hand, short blocks derive in lower compression rates than larger ones for the same distortion. Figure 1 illustrates this case for MIT-BIH compression database. It can be seen how as the block size increases, the performance also increases but there is a point beyond no significant gain can be achieved. As long as the block size is larger than the sampling frequency, the performance is not highly affected. Thus, block size is selected as the dyadic length two times up the sampling frequency (e.g., for MIT-BIH compression the sampling frequency is 250 thus the selected block size is 512). In this way, we obtain slightly better results than with the dyadic length just above the sampling frequency but without falling into excessive delay. Although in the previous section methodologies for guaranteeing both PRD and WWPRD have been presented, we concentrate here only on the results for guaranteeing WWPRD since this index has been shown more important from a clinical point of view. The results of applying the method guaranteeing both WWPRD h and WWPRD w to the MIT-BIH Arrhythmia database are shown in Tables 1 and 2, respectively. The block size selected was 1024 samples. Results are given in the format of mean ± standard deviation (SD). Values are calculated as follows. Three different WWPRD values were selected as targets (we call target to the desired distortion in the reconstructed ECG). Mean and SD values were calculated to the vector containing the results obtained block to block. This procedure is repeated for every record in the database. The mean value provided in the tables is the average of the mean value of each signal and the SD value is the average value of the sd for each signal (average statistics). Results obtained in the MIT-BIH Compression database are given in Tables 3 and 4 for WWPRD h and WWPRD w errors, respectively. Selected block size was 512 samples.
DISCUSSION
Results obtained for all the databases guaranteeing both WWPRD h and WWPRD w are very accurate in mean value with respect to the target and present a very low standard deviation. This fact demonstrates that the method for guaranteeing quality can be used with any type of ECG signal both with and without baseline. An interesting fact that can be noted is that the method is more accurate when working with low thresholds rather than high thresholds (the threshold is the target value to be guaranteed). This can be explained by the effect of magnitude of the bits being coded and their quantity. SPIHT algorithm starts storing the bits with highest value and as the threshold decreases, it continues storing bits with lower value. Because wavelet coefficients decrease with an exponential-like shape, as the magnitude of the bits decreases, there are much more bits available for coding (e.g., all the coefficients have bits of level 2 0 ). In this way, when trying to guarantee a low distortion, the number of bits needed is high and it can be adjusted Superindices indicate the number of bits used to code the coefficients that have led to the shown error. It can be clearly seen how gaps between high values are higher than gaps between low values, explaining why it is possible to adjust better low error values.
One interesting result which can be analyzed on these tables is the effect of the baseline wandering in ECG compression. When WWPRD h is guaranteed in ECGs with baseline, the rate is lower than the rate without baseline for the same WWPRD h . On the other hand, this increase in the rate is much higher when guaranteeing WWPRD w . Since both WWPRD h and WWPRD w are normalized by the energy of the subband, if baseline wandering is high, the energy of the lower subband will be high, provoking that both WWPRD thresholds can be achieved using a lower amount of bits. The reason why WWPRD w suffers a higher increase compared with WWPRD h is related to the way the weights are calculated for each index. Baseline frequencies are placed in A5 subband. When guaranteeing WWPRD h , A5 subband weight is constant and takes a value of 6/27. On the other hand, when guaranteeing WWPRD w , A5 subband weight depends on the energy in the subband. If baseline is present, the energy of A5 subband will increase, compared to the energy when baseline is removed. Thus, A5 weight will increase its value when guaranteeing WWPRD w and baseline is present. Since A5 weight will represent an important percentage of all weights, the effect of baseline wandering increasing the energy and lowering the number of bits required to guarantee a desired distortion will be amplified thus provoking a higher increase in rate when guaranteeing WWPRD h , where the weight is constant. These effects are clearly shown in Figures  2 and 3 for WWPRD h and WWPRD w , respectively. ) show, respectively, the reconstructed signal when the WWPRD h and WWPRD w target distortions are selected to be 10%. For each block, the number of bits needed to obtain the desired goal is shown. In Figures 2(c) and 3(c) , the reconstructed signals when the baseline has been removed before compression are presented when guaranteeing WWPRD h and WWPRD w , respectively. It can be noticed how the bit rate needed to guarantee both WWPRD h and WWPRD w decreases as the variations of the baseline wandering increase when baseline is not removed although this effect is more acute when guaranteeing WWPRD w as discussed earlier. This could be damaging for the clinical quality of the reconstructed signal since the quality decreases for the same WWPRD. On the other hand, if the baseline wandering has been removed prior to compression, the clinical quality of the signal is higher block to block (see Figures 2(c) and 3(c) ). Because guaranteeing PRD is less bit demanding when the baseline wandering is high (as it happens in blocks three and four), this is translated into a loss of quality in the reconstructed signal for the same WWPRD. Decreasing the distortion threshold to assure a higher quality in order to avoid the effects of the baseline wandering is not an optimal solution since the increase in bit rate in those blocks with low baseline wandering would not be justified if with less bits an acceptable quality can be achieved. Guaranteeing WWPRD when compressing a signal with baseline has a negative effect because the real fact is that the quality is not uniform through the blocks, being lower when the baseline wandering is high, as it has been shown both in Figures 2 and 3 . This effect is much more acute when guaranteeing WWPRD w . Another interesting found fact is the bit rate variability of the transmission rate compared with the variability of the error. This is shown in Figures 4(a) and 4(c) which represent the error obtained block to block for lead 1 of record 101 from MIT-BIH Arrhythmia database when guaranteeing WWPRD h (target 10%) and WWPRD w (target 10%) without baseline, respectively. It can be seen, as expected, that the achievement of the goal is very accurate. Figures 4(b) Á . Alesanco and J. García and 4(d) show the evolution of the rate block to block when guaranteeing WWPRD h (target 10%) and WWPRD w (target 10%), respectively. In both cases, the variability of the rate is high but it can be appreciated how this variability when guaranteeing WWPRD w is higher than when guaranteeing WWPRD h . Variability in block energy explains the variability in the rate achieved for both WWPRD h and WWPRD w . Blocks with high energy (e.g., those where two QRS are located) need more bits to guarantee the desired quality compared with those blocks with low energy. The higher variability in WWPRD w compared with WWPRD h is explained taking into account the way the weights are calculated. Fixed weights used in WWPRD h compensate the effects caused by energy variability, thus lowering the variability in transmission rate. On the other hand, energy-dependent weights used in WWPRD w amplify these effects thus provoking a high transmission rate variability. Besides the natural variability of the signal energy there exists another source of energy for a block; noise. Record 101 presents blocks with a high noise, which can be easily recognized in Figures 4(b) and 4(d) due to their high transmission rate. Thus, the high increase in transmission rate is dedicated to code the extra energy introduced by noise. To prevent this problem, in [15] an automatic compression system that adjusts its threshold to the noise energy was introduced. It was based on a beat segmentation strategy instead of block segmentation. Clinical evaluation showed that the method provides very good quality in the reconstructed signals from a clinical point of view while preventing the data rate to increase dramatically due to noise. When evaluating a compression methodology it is very important to evaluate the compressed signals from a clinical point of view. For this reason, we have carried out a simple simiblind test taking into account 10 records selected from each ECG database randomly, where cardiologists were asked to compare the compressed signals at different WWPRD values with the original ones. The values selected for both WWPRD h and WWPRD w were 5%, 10% and 20%. Figures 5  and 6 show an example of original and compressed signals when guaranteeing record 12936 01 from MIT-BIH compression database for WWPRD h and WWPRD w , respectively. Cardiologists expressed that they would choose a threshold of 10% in both WWPRD indices in order to give the same diagnosis and to feel comfortable working with the compressed signals.
To evaluate the execution times of the coding and decoding processes we have used 8-lead ECG records since usually the maximum number of leads an ECG signal can present is 8 (extra leads are calculated from the original 8). We have created 8-lead records from those of the MIT-BIH Arrhythmia replicating both leads 4 times. Each record of the database was coded/decoded separately as it would be done in a real-time operation. Target distortion was set up to 0 because it represents the most operation demanding case. Average execution times were obtained for the database and the maximum times among them are reported in Table 5 . Results are given in milliseconds required to code 1 second of original signal.
Results of Table 5 clearly show that even for a PC with a Pentium II 300 MHz processor with 256 MBytes of RAM there is no problem for achieving real-time functionality. The programming language used for the coder was C because of its efficiency. 
CONCLUSIONS
In this paper, a simple and efficient method for guaranteeing reconstructed ECG quality in real time has been presented. Compression is based on performing the wavelet transform to blocks of the original ECG signal and wavelet coefficients are efficiently coded using the SPIHT algorithm. The list of significant coded coefficients (LSCCs) is introduced to the original algorithm so as to control the quality in an easy manner. Extensive tests have shown the accuracy of the method not only obtaining the desired target in mean but also with a low standard deviation value. It has also been shown that baseline wandering could produce a disturbing effect in real quality when guaranteeing WWPRD due to the normalization performed by the signal energy in the calculation of this index. These effects are much more acute when guaranteeing WWPRD w rather than WWPRD h due to the way the weights are calculated. Hence, it is recommended to remove baseline wandering before compression. Noise in ECG signals increases the bit rate due to the extra energy introduced. In order to prevent this effect, an adaptive approach that varies the threshold should be used. Cardiologists reflect that they will feel comfortable working with a WWPRD of 10%. Realtime tests performed have shown that the algorithm is very Á . Alesanco and J. García 9 fast thus having no problem to work in a real-time environment. Even for a low-capacity PC, execution times keep below 100 ms per second for an 8-lead ECG signal.
